tissue selectivity; differential expression; transcription profiling; Tukey; honest significant difference THE MAJORITY OF STUDIES using DNA microarray technology have been focused on the detection of differences in gene expression between two selected pathological categories (e.g., tumor vs. nontumor tissue types) or between treated and untreated conditions (1, 5, 21) . Recently, some attention has turned to tissue-specific transcription profiling to predict clinical outcome (1, 13, 27) , to screen for potential drug targets (29) , or to survey gene expression in a panel of normal human tissue types (1, 7, 11, 17, 19, 22, 24) . Preferential expression measure (8) and a method based on modified Poisson statistics (17) were developed for expressed sequence tag (EST) and serial analysis of gene expression (SAGE) data. These surveys covered as few as some 4,000 ESTs to as many as over a million tags for SAGE. Other approaches were used in microarray-based expression profiling: for instance, two-tailed Student's t-test and principal component analysis (PCA) were used to analyze 19 -40 human tissue types (7, 19) ; reassociation kinetics was used to assess the global trend of expression in 79 human and 61 mouse tissue types (26); Akaike's information criterion was used to identify expression outliers in 48 mouse tissue types (11) , and more recently unsupervised hierarchical cluster analysis was applied to analyze expression using 35 human tissue types (24) . Although these studies provide useful expression information, they are limited in the spectrum of normal tissues and analytical approaches to tissue specificity of human transcriptome.
In its strictest sense, tissue specificity is defined as gene expression being exclusive to only one particular tissue type. Unlike tissue specificity, tissue selectivity considers genes whose expression is enriched to one or a few biologically similar tissue types (such as different portions of the digestive track or various brain sections). Tissue selectivity is the focus of this study.
The goal of the present study is to take advantage of a very large set of gene expression data available to us and to discover genes preferentially expressed in selected normal human tissue/cell types through statistical analysis. More than 3,800 (3,995 for U133A chip and 3,827 for U133B chip sets) samples from some 120 normal human tissue types were used to generate expression data using Affymetrix's U133 chip set by GeneLogic. By profiling 35,152 probe sets, which represent Ͼ27,000 human genes, we identified 3,919 genes preferentially expressed in a small number of tissue types. This list includes novel genes as well as those previously identified.
METHODS
Selection of probe sets. The DNA microarray platform (U133A and U133B) used in this study is based on Affymetrix technology. Only singleton (probe sets with suffix "_at") or similar (probe sets with suffix "_s_at") probe sets were chosen for analysis (see http://www.affymetrix. com for probe set definition). Probe sets for microarray experiment control (total 136) and those far from the 3Ј-end of transcripts (total 2,800) were excluded. A total of 38,400 probe sets from Affymetrix's U133A (18, 454) and U133B (19, 956 ) chip sets were preselected this way. Duplicated probe sets or probe sets containing only "absent" calls were also excluded before subsequent analysis. This resulted in a total of 35,152 probe sets (17,275 for U133A and 17,877 for U133B), which represent over ϳ22,000 annotated genes and many other hypothetical genes (ϳ5,000) from the human genome.
Selection of tissue types and samples. The expression data used in the present study were derived from BioExpress database, which was licensed from GeneLogic (http://www.genelogic.com). More than 3,800 human samples covering over 120 tissue types were used to survey the selected probe sets. The pathology of these samples was classified as "normal" by GeneLogic. Of the 122 tissue types, 26 are from different Brodmann's areas, mainly the histological components of the cerebral cortex. Our preliminary studies (data not shown) found no evidence of significant differential expression among the Brodmann's areas (see DISCUSSION) . This observation led us to regroup the 26 tissue types associated with Brodmann's areas as a single tissue type. Filters were applied to remove samples with ␤-actin and GAPDH 5Ј-to-3Ј ratio Ͻ0.4 or tissue groups whose sample sizes were Ͻ3. Finally, there remained 97 tissue types chosen (total of 3,995 samples for U133A and total of 3,827 samples for U133B).
Expression data were retrieved and grouped by tissue type for each probe set. Then log 2 transformation was applied to stabilize data variance (20) . Erroneous data (i.e., data with not available/not a number/infinity values) were not included in subsequent analyses.
Outlier detection. We applied an outlier-filtering scheme to remove outlying sample reads on a tissue-by-tissue basis for each probe set Article published online before print. See web site for date of publication (http://physiolgenomics.physiology.org).
after data were log2 transformed. This was done similarly to the influence function procedure proposed by Singh and Nocerino (25) , to find groupwise robust estimates (mean and standard variation) of expression of a given probe set in samples of each tissue type. We considered expression reads of a given probe set beyond three times of the robust estimate of standard deviation from the robust estimate of mean in each tissue type as outliers.
Statistical analysis. Analytically, searching for tissue-selective genes amounts to comparing gene expression over many tissue types. This constitutes a classical multiple-comparison problem. TukeyKramer's honest significant difference (HSD) test was used to determine the tissue types in which a gene expressed selectively. It incorporates an error correction for pairwise multiple comparisons to deal with mildly unbalanced designs (18, 30, 31) . In practice, there are N ϭ k*(k Ϫ 1)/2 pairwise comparisons where k is the number of tissue types used. Implementation of Tukey-Kramer's HSD function generated an adjusted probability for ith comparison (adjusted) (p i) value as well as a Qi value (i ϭ 1 to N) for each pair of comparison, which could subsequently be used for statistical inference (see below). Each Q i value was computed as absolute difference of two group means over the sample size-adjusted standard deviation. To control the error rate resulting from multiple testing (i.e., tens of thousands of HSD tests), there was a need to produce a single probability for each HSD test (p Q) value for each HSD test. This was done by first defining an enrichment score (ES) using the HSD-generated Q values:
where N is the total number of pairwise comparisons [N ϭ k(k Ϫ 1)/2 for k tissue types]. ES was designed to take into account of Q values from all pairwise comparisons in one HSD test to represent tissue selectivity of a gene. The higher the value of ES for a gene, the more selective it would be. Permutations of tissue labels were done 1,000 times to derive an estimated p Q value from each ES. The false discovery rate (FDR) was set to 0.001 to cap the error rate from the multiple tests, using pQ values adjusted based on a method from Ref. 3 .
To identify tissues in which a gene is selective, mean tissue expression was ranked from largest to smallest for each probe set. The adjusted p i values (␣ ϭ 0.05) generated from HSD were used to count the number of significant pairwise comparisons for each of the top 10 tissue types. To set a proper level of stringency in tissue selectivity, we defined several filters below. First, for a tissue to be considered as selective (preferred) for a gene, the absolute majority (91 out of 97) of all pairwise comparisons involving such tissue (i.e., a given tissue against all other tissues) must have their adjusted p i values below the set ␣-level. Second, the number of selected tissue types in which a gene expressed differentially must be a small number for a gene to be considered as tissue selective. This was set to six tissue types (out of 97) in our case.
RESULTS

Identifying differential gene expression.
There is a need to survey as many human genes as possible to classify genes based on expression profiles across a panel of different normal human tissue types. We carried out a systematic search for genes expressed preferentially in certain tissue types. More than 3,800 samples from 97 normal tissue types were used to profile the expression of about 35,000 probe sets (see METH-ODS). A comparison summarizing several studies is shown in Table 1 (see description in next section).
Tissue-selective genes were found in 95 of 97 tissue surveyed. With multiplicity (i.e., one gene expressed in multiple tissue types or multiple probe sets assigned to one gene) included, Table 2 lists the gene counts (total ϳ8,000) found in each of these tissue types. When multiplicity was discounted, the actual number of unique genes identified to be tissue selective is estimated to be 3,919 (see Supplementary data file 2; the online version of this article contains supplemental data), or ϳ10% of total genes predicted by the human genome (16, 28) . This represents on average about two tissue types per gene as selectivity. Many genes (ϳ80%) we identified are known to play roles in the selected tissue types based on their annotated gene ontology terms (2), whereas ϳ20% other genes are much less characterized or have not been identified as tissue-selective genes previously.
When reorganizing the resulting counts of gene-tissue pairs based on organ systems, we found that the circulatory system, neural system, digestive system, and immune system combined account for ϳ70% of the counts, followed by reproductive system (9.3%) and excretory system (8%) (Fig. 1) . The various numbers of selective genes reflect the needs to support different functional and physiological complexity of each organ system, thus suggesting a link between functional gene expression and physiology of tissue, cell types, or organs.
Information on biological process, pathway, subcellular localization, and molecular function for each gene identified, as part of the annotation efforts by the Gene Ontology Consortium (2), has facilitated our exploration. The annotation helped us to evaluate the correlation between tissue selectivity and expected functionality of genes identified in our study, especially those with known important biological functions. For example, among liver-selective genes, many are important for metabolism (see Table 1 in supplementary data file 1). This is expected based on the known biological and physiological functions of the liver. Thus the preferential gene expression in normal tissue, cell types, or organs correlates well with their expected physiological roles. The gene annotation for many of the 3,919 genes reveals that they are involved in at least 1,810 different biological processes and 690 different pathways (supplementary data file 2). The numbers might be bigger since many identified genes on our list are poorly characterized or simply have no known functions described. Comparative study. In Table 1 , we compared results from several studies of gene expression profiling based on DNA microarray technology. In addition to difference in data coverage and number of genes identified, each study used a different approach. The Student t-test used by Hsiao et al. (7) did not consider the error rate associated with multiple comparisons. This could potentially augment the number of false positives. The PCA test by Misra et al. (19) has limited discriminating power when it Genes identified by our test are summarized and categorized by tissue type. There is a total of ϳ8,000 tissue-gene counts mainly due to the multiplicity of tissue per gene and probe sets per gene. comes to dealing with large number of tissue types. In that study, only genes specific to the liver, muscle, and brain were separated. The fold-change approach by (22) , though commonly used, is not statistically rigorous. We have adapted Tukey's HSD test, which is rigorous and appropriate for multiple comparisons.
Five previous studies on tissue-selective genes have identified a subsets of genes highly expressed in several tissue groups including muscle, heart, liver, and prostate (7, 8, 17, 19, 22) . The Venn diagrams (see B in Supplementary data file 1) compare the result of our study to those of the five studies. As can be seen in the Venn diagrams, the between-study agreement is quite significant for the liver and prostate groups. The largest discrepancy comes from the muscle group. The second group with a large discrepancy is the heart group. It is interesting to note that EST-based studies (8, 17) usually generate a higher discrepancy when compared with our results. This discrepancy might be the result of higher occurrence of false positives as sensitivity of EST-based methods depends heavily on sampling and representation of the data used (4).
DISCUSSION
Data from DNA microarray experiments have made it possible to survey a large number of genes based on differential expression patterns across a large panel of normal human tissue and cell types. We have shown the utility of a tissue-centric approach in gene expression profiling. Compared with previous works, we used a large data set from a commercial source and a wellestablished multiple comparison procedure. This approach has generated a list of 3,919 genes of high tissue selectivity. Many genes (roughly 80%) identified have been characterized and have a good correlation to tissue function. Novel genes or genes with less characterization represent ϳ20% of all detected genes.
In identifying biologically important genes, we focused on genes whose expression is enriched or selective to a small number of tissue types. The rationale is that many genes expressed preferentially in related tissue types, and the inclusion of these genes, in addition to those with exclusive expression preference (i.e., specific), would enlarge our scope of investigation and produce a list of candidates with significant potentials. For instance, a number of genes identified to be muscle selective were expressed selectively in both skeletal muscles and heart muscles. The presence in two different muscle types suggests they might be important factors for general muscle functions. In an analysis of genes selective to fat tissue types (adipose and omentum) from the same data source, a separate study has identified a family of genes (among them is adiponutrin) involved in fat metabolism common in different species (12) . This good correlation supports and validates our approach.
Data with large overall variation can make test results hard to interpret and even render the results useless. Sample size, data distribution, and technical factors can also affect the outcome of our result. We addressed some of the problems we have control of through data preprocessing, log 2 transformation, and outlier exclusion. An outlier detection scheme applied at the tissue type level to exclude outlying samples resulted in ϳ20% more tissue-selective genes identified (from ϳ3,200 to ϳ3,900 before and after application, respectively). This filtering is important to minimize the consequences of the potential violation of assumption of homogeneity of variance, equal group size, and normal distribution in the test used in the subsequent step. To evaluate the impact of the outlier-filtering scheme, we recorded the frequency (F) of a sample being labeled as outlier by the probe sets used (T) on each chip set. Then we define the odds of a sample being called an outlier as: F/T. Our analysis showed that 95% of samples labeled as outliers have odds of Ͻ0.0535 for those run on U133A and 0.0492 for those run on U133B (see D in Supplementary data file 1 for histograms). This suggests that the outlier-removal scheme would not alter the number of samples in the analysis in any significant way. Considering the benefit of using it, we opted to use the scheme as a useful filter.
The expression data from GeneLogic are not probe-level intensity reads; instead, they are preprocessed by MAS5. Therefore, many of the recently developed methods [i.e., robust multichip analysis (RMA), model-based expression index (MBEI), and RMA based on GC content] could not be applied (9, 10, 14, 15) . Given this fact, we believe the massive data we have might overcome part, if not all, of the problems associated with MAS5 normalization. Recent studies have also voiced the concerns about the design of Affymetrix's probe set. These problems seem to, in part, result from evolving gene/transcript definition and annotation (6). Because we have no access to the probe-level data, we are limited to what can be done to deal with these problems. Instead, we put an effort on higher-level annotation to justify our result.
In our initial study, we started with 121 tissues types available through GeneLogic to cover as many tissue types as possible. However, we noticed that a large group of Brodmann's areas did not produce any selective genes. This was attributed to the tissue selectivity cutoff (about six tissues) and the number of Brodmann's areas (total 26). Further study showed that genes selective to any Brodmann's areas tend to upregulate in the whole group (i.e., no significant difference could be detected among Brodmann's areas). Subsequently, we regrouped all Brodmann's areas as a single tissue type. This resulted in ϳ150 unique genes selective to Brodmann's areas as a group. Our initial attempt to use confidence intervals generated from HSD failed to address the problem associated with multiple testing. Hence, we defined an enrichment score within the framework of HSD to produce a single p Q value for each HSD test, which could be used in FDR correction. We also took advantage of the pairwise adjusted p i values generated by HSD to identify tissue types for selective genes.
Genes expressed differentially in selected tissue or cell types often share similar expression patterns. It is tempting to hypothesize that subsets of tissue-selective or tissue-specific genes were subjected to common regulation. By investigating the gene-gene relationship (e.g., looking for common upstream 5Ј-regulatory elements of a group of coexpressed genes), we might be able to gain more insights into the regulation and function of these genes (23) . Furthermore, we might use tissue selectivity to direct and test our hypotheses on novel genes or those with very limited information available to better our understanding of the roles they play.
